are associated with increased risk of obesity, behaviors such as physical activity (Must & Tybor, 2005) and regular breakfast consumption appear to be protective (Merten, Williams, & Shriver, 2009; Mullan & Singh, 2010) . Much of this literature is specific to adolescents and other age groups (Huh et al., 2011; Riggs, Huh, Chou, Spruijt-Metz, & Pentz, 2012) , while modifiable determinants of obesity remain understudied among young adults.
Furthermore, although it can be useful to investigate the effect of individual risk factors, they seldom operate in isolation; in fact, many of these behaviors are highly related. For example, television viewing and high-calorie snack food consumption co-occur (Epstein, Roemmich, Paluch, & Raynor, 2005) , as do sedentary and physical activities (Nelson, Gordon-Larsen, Adair, & Popkin, 2005; Owen, Leslie, Salmon, & Fotheringham, 2000) . Although we know that each of the known risks for obesity is contributory, it is unclear how the risk factors interact to affect the risk of obesity or how varied weight-related behaviors co-occur in young adults.
One useful approach to address these issues is audience segmentation, a process by which intervention developers separate populations into smaller, homogenous subgroups based on co-occurrence of behaviors, enabling them to tailor and target each subgroup with more refined and potentially more effective interventions (Lee & Kotler, 2011) . Segmentation is a key characteristic of business marketing practices and is increasingly utilized in social marketing activities targeting weight-related behaviors, like fruit and vegetable consumption (Cismaru & Lavack, 2007) .
Latent class analysis (LCA) can address the complexity of obesity-related behavior patterning and capture meaningful key patterns of behaviors among the underlying population (Collins & Lanza, 2010) . Additionally, it offers considerable promise in audience segmentation methods. In a recent study of students enrolled at a 4-year university, Laska, Pasch, Lust, Story, and Ehlinger (2009) noted that the patterning of lifestyle characteristics and risk behaviors among both male and female university students was best represented by four classes. However, the classes were qualitatively different across gender. The authors concluded that majority of study participants would be classified into patterns of diet-and physical activity-related risk behaviors that did not meet national guidelines for health. Nonetheless, the subgroups exhibited considerable heterogeneity in use of tobacco and alcohol and engaging in risky sexual behavior. Although the findings underscore the constellation of health behaviors and interrelationships therein, the proportion of overweight/ obese participants within each class was not examined. Additionally, the study was limited to students enrolled in one 4-year university (Laska et al., 2009) .
Since literature suggests that 2-year college students are at a greater risk for poor lifestyle factors/behaviors compared to 4-year college students, it is important to gain a better understanding of patterning of health behaviors and population needs in these two college groups. To address this gap in the literature, LCA was conducted separately for 2-versus 4-year college students, using data from a large, statewide college surveillance system. The main goals of the present study were to (a) identify distinct classes of weight-related behaviors among young adults in a large and socioeconomically diverse sample of 2-and 4-year college students and (b) describe the composition of classes based on weight status and other sociodemographic characteristics.
Method

Study Design and Data Collection
In 2011 and 2012, Boynton Health Service at the University of Minnesota randomly sampled students from the enrollment registries of 26 Minnesota colleges and universities as part of an ongoing Minnesota postsecondary surveillance effort using the College Student Health Survey (). Of these postsecondary institutions, 15 were 2-year community and/ or technical colleges and 11 were 4-year post-secondary institutions. All study protocols were approved by the University of Minnesota Institutional Review Board.
Undergraduate and graduate students, randomly selected through enrollment lists provided by the schools, were contacted through multiple mailings and e-mails. Students were offered small monetary incentives for participation as well as an opportunity to win one of several lottery prizes. Additional details regarding sampling and survey implementation are publicly available online (http://www.bhs.umn.edu/surveys/ index.htm). Overall, 17,866 students completed the surveys (overall response rate, 35.5%; 2-year colleges, 32.4%; 4-year colleges, 39.5%).
Measures
Cross-sectional survey data from 2011 and 2012 CSHS was pooled for the current analysis. Of the 17,866 college students, 17,584 had complete data on all outcome variables used in the analysis and were included in the current study. Gender, age, race/ethnicity, and parent education were selfreported. Height and weight were self-reported and used to calculate body mass index (kg/m 2 ). Overweight and obesity were defined at cut points of 25 kg/m 2 and 30 kg/m 2 , respectively (World Health Organization, 1995) . Table 1 presents descriptive characteristics of the sample and distribution of the key behaviors.
The latent class indicators included nine weight-related health behaviors. They were selected to represent multiple theoretically/clinically relevant dimensions of obesity risk and to capture meaningful key patterns of weight-related health behaviors among young adults. The indicators were dichotomized to best reflect existing health recommendations and or national guidelines, as described in detail below.
Latent Class Indicators
Physical Activity and Screen Media. Participants reported number of hours per week engaged in vigorous-and moderateintensity physical activity, television viewing, and using computer for activities unrelated to work/school. Two items were used to measure strenuous and moderate physical activity: "In the past 7 days, how many hours did you spend doing strenuous exercise?" Analogous wording was used to measure moderate exercise. Per Centers for Disease Control and Prevention (CDC) recommendations to maintain weight, vigorous and moderate intensity were dichotomized at ≥30 min/week and ≥2.5 hr/week, respectively (CDC, 2008) . Similarly, two items were used to measure daily screen media use: "On an average day, how many hours do you spend doing the following activities?" The options included "watching television" and "using a computer for something that is not for work or school work." National guidelines recommend no more than 2 hr of screen time (American Academy of Pediatrics, 2001), and therefore both television viewing and computer use were dichotomized at this cut point.
Eating and Other Health-Related Behaviors. Number of times fruits and vegetables were consumed daily were assessed using five items. These included number of times fruits (not including fruit juice), green salad, potatoes (not including French fries/chips), carrots, and other vegetables were consumed in the past week. These items were combined to assess overall intake and to create a cut off reflecting the national recommendations to consume at least five daily servings of fruits and vegetables (U.S. Department of Health and Human Services & U.S. Department of Agriculture, 2010). Usual frequency of fast food consumption in the past year was assessed using a single item: "Indicate how often you did the following in the past 12 months." Response options ranged from none to several times per day. Given empirical evidence establishing increased obesity risk associated with eating fast food several times per week or more (Boutelle, Fulkerson, Neumark-Sztainer, Story, & French, 2007; Pereira et al., 2005) , this was selected as a cutoff to create a binary indicator for fast food consumption. Drinking regular soda was measure using a single item: "During the past 7 days, how many times did you drink a can, bottle, or glass of soda or pop?" Since drinking regular soda daily is associated with health risks , this was used as a cut point to dichotomize soda intake. Binge drinking (≥5 drinks at one sitting) in the past 2 weeks was assessed using a single item: "Think back over the last 2 weeks. How many times have you had five or more drinks in a sitting?" The response options ranged from "I do not drink" to ≥10 times. Based on previous research, binge drinking was dichotomized as any (versus no) binge drinking in the past 2 weeks (Nelson, Lust, Story, & Ehlinger, 2009 ).
Statistical Analyses
First, LCA was used to identify and describe distinct classes of weight-related behaviors among college students. The number of classes was ultimately determined by a combination of factors in addition to fit indices, parsimony, and interpretability (e.g., each class should be distinguishable from the others on the basis of the item-response probabilities, no class should be trivial in size, i.e., with a near-zero probability of membership), and it should be possible to assign a meaningful label to each class; Bauer & Curran, 2003; Jung & Wickrama, 2008; Lanza, Collins, Lemmon, & Schafer, 2007; Muthén, 2003; Rindskopf, 2003) . Second, a modelbased approach was used to examine the association between latent classes and variables such as weight status, parental education, race, age, and gender. All LCA analyses were conducted using PROC LCA (Version 1.2.7; Lanza et al., 2007; Lanza, Dziak, Huang, Xu, & Collins, 2011) and a corresponding macro for LCA with distal outcome (Version 2.0; Methodology Center, 2012) in SAS for Windows (Version 9.3).
Identifying Latent Classes. Across 2-and 4-year college groups, LCA was used to identify subgroups of students characterized by unique combinations or classes of behaviors associated with weight status. For each model, to assess model identification, multiple sets of starting values were specified. Model selection was conducted using a combination of fit indices and interpretability. It was important that the latent subgroups in a solution exhibited logical patterns and were distinct from other subgroups. These best-fitting models provide estimates of the prevalence of each class and the probability of reporting each behavior within a particular latent class.
Association of the Latent Classes With Weight Status and Other
Sociodemographic Variables. To examine this association, a model-based approach to LCA with a distal outcome was used. For these models, the outcome variables included weight status, parent education race, age, and gender. These models were used to estimate the probability of weight status and sociodemographic variables in each latent class (e.g., the estimated probability of underweight/normal weight, overweight, and obese participants in each class). This was done by reparameterizing the LCA with covariates model (Lanza & Rhoades, 2011) . In other words, instead of using weight status to predict latent class membership, latent classes were used to predict weight status. The analysis was conducted separately for all outcome variables for both college groups.
Results
Latent Class Profiles
The final solution yielded a five-and a four-class model for 2-and 4-year college students, respectively. Across college types, we ran a series of LCA models with two to eight latent classes of weight-related behaviors to determine the optimal number of latent classes. Nylund, Asparouhov, and Muthén (2007) reported Bayesian information criterion (BIC) to be the best indicator for determining the number of latent classes in mixture modeling among the traditionally used information criteria, and therefore, BIC played a significant role in model selection. Among 2-year college students, the fiveclass model had the lowest BIC and the eight-class model had the lowest Akaike information criterion (see Tables 2  and 3) ; thus we examined the five-through eight-class models more closely. A five-class model optimally represented distinct subgroups of individuals with respect to their weightrelated behaviors. Among 4-year college students, although the information criteria suggested that the five-class model had the most optimal balance between fit and parsimony among the models considered, there was only small, incremental improvement when moving from a four-class model to a five-class model. More importantly, the five-class model contained two latent classes that were very similar, indicating poor latent class separation (Collins & Lanza, 2010) . Based on the information presented in Tables 2 and 3 and a careful inspection of the response probabilities from competing models, the four-class model was identified to be most appropriate for 4-year college students.
Each latent class corresponds to an underlying subgroup of individuals characterized by a particular behavioral pattern. Tables 4 and 5 show the item-response probabilities for each item conditional on latent class membership for both college groups. These parameter estimates were used to interpret and label these subgroups.
Class 1 (labeled "mostly healthy dietary habits, active") included 13% and 25% of 2-and 4-year college students, respectively. The individuals in this subgroup were unlikely to engage in unhealthy lifestyle behaviors, such as high screen-media use, binge drinking in the past 2 weeks, eating fast food several times per week or more, and consuming regular soda once per day or more. Additionally, this subgroup was highly likely to engage in moderate and strenuous exercise as well as eat breakfast regularly. Class 2 (labeled "moderately high screen time, active") was characterized by moderately high probabilities of engaging in high screen-media use as well as being engaged in moderate physical activity. Additionally, these individuals were highly likely to participate in 30 min or more of weekly strenuous physical activity. Participants in this class had a below-average to low likelihood of engaging in any of the healthy or unhealthy dietary behaviors reported here. Class 2 represented 19% and 17% of 2-and 4-year college students, respectively.
Class 3 (labeled "moderately healthy dietary habits, inactive") included individuals who were not physically active and were unlikely to engage in unhealthy lifestyle behaviors, such as screen-media use, binge drinking in the past 2 weeks, eating fast food several or more times per week, and consuming one or more regular sodas per day. Although participants in this subgroup had a high probability of eating breakfast regularly, they had a low probability of eating fruits and vegetables five or more times per day. This was the largest subgroup across both college types, with 33% and 28.5% of 2-and 4-year college students, respectively.
Class 4 (labeled "moderately high screen time, inactive") represented 26% and 19.5% of 2-and 4-year college students, respectively. The students in this subgroup were characterized by relatively high probabilities of high screen-media use and a low probability of engaging in any other dietary or physical activity behaviors.
Class 5 (labeled "moderately healthy dietary habits, high screen time") was unique to 2-year college students and represented 9% of the sample. Similar to Latent Class 4, the response pattern identified as Class 5 showed moderately high probabilities of high screen-media use, but unlike Latent Class 4, these individuals were more likely to eat breakfast regularly. Moreover, this subgroup had low probabilities of engaging in any moderate exercise per week, binge drinking in the past 2 weeks, eating fast food several or more times per week, eating fruits and vegetables five or more times per day, and consuming one or more regular sodas per day.
For 4-year college students, the five-class model produced an additional class, the fifth class, that mirrored the endorsement probabilities for Class 2 on all nine items but for TV viewing (0.45) and moderate exercise (0.46), indicating poor latent class separation. Given the fact that this class did not add much new information to our findings, we selected the four-class solution for the 4-year college students (as described in the Method section).
Composition Differences Across Classes
Weight status and other sociodemographic characteristics were disproportionately distributed across latent classes (Tables 6  and 7) . Specifically, among both 2-and 4-year college students, obesity was much more prevalent in Classes 3 and 4 relative to rest of the latent classes; 29% or more of the students in these classes were obese. Within each college group, healthy weight was most prevalent in Class 1, with 60.6% and 69.0% for 2and 4-year college students, respectively.
Among 2-year and 4-year college students, Classes 1 and 2 had the highest proportion of students who had parents with at least a college degree, as well as Class 5 among the 2-year group. However, relative to the 2-year group, a higher proportion of students in the 4-year group had parents who were at least college graduates. Reflecting the overall composition of the sample, most classes were composed predominantly of White and female participants (for all but Class 2), with highest proportion of females in Class 3 followed by Class 1 across both college groups. Within each college group, Class 2 was composed mostly of 18-to 22-year-olds and Class 3 of students who were 29 years and older.
Discussion
This is the first study to empirically identify meaningful patterns of health behaviors associated with weight status across 2-and 4-year college students, using a latent class approach. Additionally, the demographic composition of subgroups was explored. The complex patterning of behaviors associated with weight status in 2-and 4-year college students was best described by five and four latent classes, respectively. The findings provide insights into health needs of this population and refine our understanding of the interplay of weight-related health behaviors to develop successful interventions for college students.
Although four classes were similar across 2-and 4-year students, the proportion of students in these classes differed across college groups. Additionally, a unique class emerged among 2-year students. Across college groups, Class 3 was the largest of all classes and was marked by regular breakfast consumption, yet this class had the second highest proportion of obese students. Although this finding is counterintuitive, it is possible that the individuals in this class were obese to begin with and were engaging in healthier habits, like regular breakfast consumption, to lose weight. However, longitudinal data are required to confirm this hypothesis. Compared to other classes, for both college groups, Class 3 was also mostly composed of older students (≥29 years) and females, corroborating findings from of other studies that show an increase in weight with age (Gordon-Larsen, The, & Adair, 2010). Class 4 also accounted for a significant proportion of the 2-and 4-year college students with the highest proportion of obese students relative to other classes. Of the four classes that were similar across college groups, this class was most sedentary relative to other classes, with moderately high probability of screen-media use and no physical activity. These results confirm findings from previous studies that demonstrate a relationship between screen time and obesity (Hancox et al., 2004; Must & Tybor, 2005) . Across college groups and classes, Class 1 members had the healthiest dietary habits. Additionally, they had low screen-media use and were physically active. Compared to other classes, this class had the highest proportion of individuals with normal weight, which reflected their healthier behavior.
Class 2 was also notable for both 2-and 4-year college students. It stood out by co-occurrence of seemingly opposing behaviors, like relatively high screen-media use and physical activity. Despite engaging in some unhealthy behaviors, this class, compared to other classes, had a relatively lower proportion of obese individuals. The possible explanation could be that Class 2 members were physically very active and also had the highest proportion of 18-to 22-year-olds across classes. Class 5, which was unique to 2-year college students, was marked by high screen time and breakfast consumption and had the lowest proportion of obese individuals and a relatively higher proportion of females compared to most classes.
Despite the novel nature of the study, it has several limitations that should be noted. Our participants were from the state of Minnesota and predominantly White and, therefore, may not be representative of the general U.S. population. Therefore, to test the generalizability of the current findings, the study should be replicated in different geographical regions. Our paper is a reflection of students who attend these institutions, and therefore, age was widely represented. Because this could have affected the proportion of normal, overweight, or obese students in each class, it is important to interpret the results with caution. Additionally, with the model-based approach, we were unable to conduct significance testing for all the sociodemographic variables included in the current analysis, whereas an overall significance test is possible with the traditional classify-analyze approach. However, the model-based approach estimated the actual probability of an outcome conditional on latent class membership, whereas the results from an classify-analyze approach are biased to the extent that there is classification error (Lanza & Rhoades, 2011) .
The present study is notable in that it used LCA to elucidate complex relationships between weight-related health behaviors among college students. Meaningful key patterns of health behavior were identified with a multivariate LCA because of its approach to modeling measurement error (Collins & Lanza, 2010) . Furthermore, the study included participants from 2-year community and technical colleges, who have undergone limited study to date and are at a greater risk for poor lifestyle factors/behaviors.
The categorization and characterization of population subgroups were based on health behaviors that were relevant to each latent class and provide rich detail for the design of communication messages. Specifically, during intervention development, the subgroups identified here could be used to target formative research and, thereafter, to design effective messages that resonate with the participants and may have implications for enhancing health promotion interventions. For example, Class 1 may not be a high-priority audience; while this subgroup had suboptimal fruit and vegetable consumption, they had the highest proportion of students with a healthy weight. The messages directed to this subgroup should support behavioral maintenance. The messages designed for Class 3 need to increase physical activity, perhaps through moderate lifestyle changes, given that most students in this subgroup were older females and possibly mothers. Messages will need to reflect means to effectively cope with the challenges and difficulties this subgroup may face in incorporating physical activity into their busy lives. A "five-a-day" fruit-and-vegetable message should be a common theme relevant to all the subgroups, as the probability of fruit and vegetable consumption was low for all. Future intervention messages should be informed both by universal characteristics of the overall sample and by unique characteristics of each subgroup. Overall, these risk profiles should allow researchers to refine/modify their intervention strategies and target different population subgroups, thus leveraging resources more effectively and developing more successful interventions that are sustained across time due to inclusion of targeted/tailored characteristics.
